The paper examined the vegetation coverage dynamic and its response to climate elements in Yellow River Basin from 1998 to 2008 by an integrated approach made from series methods including correlation analysis, wavelet analysis, and wavelet regression analysis. The main findings are as follows: (1) Vegetation coverage exhibited significant, positive correlation with temperature and precipitation, but negative correlation with sunshine hours and relative humidity at some sites. The correlation between NDVI and precipitation is closest, followed respectively by temperature, relative humidity, and sunshine hours. Precipitation and temperature are the two major climate elements affecting vegetation coverage dynamics. 
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Introduction
10
Terrestrial ecosystems are permanently changing at a variety of spatial and temporal 11 scales due to natural and/or anthropogenic causes (Martí neza and Gilabert 2009).
12
Climate change is one of the causes resulting in land cover change (Lambin and 13 Strahler 1994). Evidence shows that there is a strong relationship between terrestrial 14 vegetation coverage and climate variability (Kaufmann et al., 2003) . Therefore, the 
18
In most existing studies, remote sensing images have typically been used as the test 19 datasets. An example is SPOT VEGETATION product, which can provide the are the reflectance in the near-infrared and red electromagnetic spectrums of objects 28 on the earth surface, respectively (Eidenshink and Faundeen, 1994).
29
Climate elements such as precipitation and temperature, effect the vegetation 30 coverage growth, and NDVI time series have proven useful to reflect the change of 31 vegetation coverage to a certain extent (Nemani et al. 2003) . Therefore, the studies on Many case studies in different countries and regions have also been conducted to 35 evaluate vegetation dynamic. As a result, several methodologies have been used to 36 monitor vegetation dynamic from multi-temporal data, including statistical methods 
12
The Yellow River Basin (YRB), as one of seven river basins in China, spans across thus, a multiple time-scale analysis on these relationships is essential and meaningful.
25
By now, a detailed study of climate-vegetation interaction at multiple time scales, 26 however, has not systematically undertaken in the YRB.
27
On the other hand, although advances in the relationship between NDVI and 28 climate elements has been taken, the mechanism and extent of the climatic influence 29 on NDVI has not been understood fully, the interaction between temperature, 30 radiation and water imposing complex and varying limitations on vegetation activity. The objective of the present study is to reveal the relationship between vegetation 35 coverage and major climate elements at multiple time scales in YRB using an 36 integrated approach. Firstly, a correlation analysis was used to identify the major (Fig.1) 
Where t is time, a is the scale parameter and b is the translation parameter.
4
For a discrete signal x(t), such as the time series of NDVI, runoff, temperature, or 5 precipitation, its continuous wavelet transform (CWT) can be expressed by the 6 convolution of x(t) with a scaled and translatedΨ(η):
Where W
x (a,b) is the wavelet coefficient, and(*) is the complex conjugate. From this, space, a series of wavelet coefficients can be obtained for these specific points. Thus,
12
it can characterize the variation in the signal x(t) at a given time scale.
13
The wavelet variance W x (a) can be obtained:
15
Wavelet variance reflects the energy distribution with scale, and it is usually used to 16 detect the periods present in the signal x(t).
17
Taking discrete values of a and b, the discrete wavelet transform (DWT) can be 18 defined for signal x(t) (Mallat 1989 ):
Where φ j0,k (t) and Ψ j,k (t) are the flexing and parallel shift of the basic scaling Usually, the fine scale corresponds to a compressed wavelet as well as rapidly 26 changing details (high frequency), whereas coarse scale corresponds to a stretched 27 wavelet and slowly changing coarse features (low frequency).
28
According to the actual criteria for wavelet selection includ ing self-similarity, 29 compactness, and smoothness, symmlet was chosen as the base wavelet. Using this 30 base wavelet, a number of scaling functions were experimented to determine the most 31 suitable wavelet for these datasets of NDVI and climate elements. It was found that 32 ‗Sym8' (Fig.2) produced the most robust quantitative results. Therefore, ‗Sym8' was 33 chosen as the base wavelet in this paper.
34
One major interest of this research is to obtain the approximate components based 35 on wavelet decomposition for the time series of NDVI and major climate elements. To 36 accomplish that, the levels analyzed were restricted to S1, S2, S3, S4, and S5 to 37 represent the approximate components. These five time scales are designated as S1 Images, and then correlation coefficients was computed based on the times series of 18 372 data on NDVI, precipitation, temperature, relative humidity, and sunshine hours.
19
The analytical results ( note: **correlation is significant at the 0.01 level(2-tailed), *correlation is significant at the 0.05 level(2-tailed). P: precipitation T: 3 temperature, H: relative humidity, S: sunshine hours.
4
The results indicated that the two major climate elements that affect vegetation 
Nonlinear variations of vegetation coverage depending on the time scale 9
Based on the SPOT-VGT images, the original NDVI time series for 24 10 meteorological stations were built. These series all showed a fluctuating 11 characteristic. As shown in the Hohhot station (Fig.4 (a) ), the original NDVI time to identify any trend of NDVI change. With the ascending time scale from S1 to S5, 14 the approximate components based on DWT were obtained (Fig.4(b,c,d) ). According 15 to this, the nonlinear patterns for NDVI changes were analyzed at multiple-time 16 scales.
17
The wavelet decomposition for the NDVI time series at five time scales resulted in 18 five variants of nonlinear patterns (Fig.4(b,c,d) ). The S1 curve (Fig.4(b) ) shows 11 19 peaks with multiple sub-peaks and 10 valleys with sub-valleys, which is smoother than the original signal but still retains a large amount of residual noise from the raw 1 data. These characteristics indicate that although the NDVI varied greatly throughout 2 the study period, there was a hidden trend. At the 40-day scale, the S2 curve (Fig.4(c) ) 3 still retains a considerable amount of residual noise. However, it is much smoother 4 than the S1 curve, which allows the hidden trend to be more apparent. Compared to 5 S2, the S3 curve (Fig.4(d) ) retains much less residual noise, and presents obvious 6 periodicity, which is indicated by the 11 peaks without sub-peak and 10 valleys with 7 fewer sub-valleys. Perceptibly, the S4 curve (Fig.4(d) ) with no sub-peak and 8 sub-valley is much smoother than the S3 curve, and the trend is more obvious in the 9 S4 curve at the time scale of 160-day. Finally, the S5 curve (Fig.4(d) ) at the time scale
10
of 320-day, nearly 1 year, presents a clear pattern. Therefore, the nonlinear patterns of
11
NDVI were found to be dependent on the time scale. Similar observations were also obtained for precipitation (Fig.6 ). With the 15 ascending time scale from S1 to S4, the curves become increasing smoother,
16
represented by 11 peaks with less sub-peaks and 10 valleys with less sub-valleys, and 17 finally, the S5 curve exhibited an apparent pattern. Hereby, the nonlinear patterns of 18 precipitation were found to be dependent on the time scale. The correlation analysis indicated the existence of climatic impact on the NDVI Note: N is 10-day maximum NDVI, p is 10-day average precipitation, T is 10-day average temperature, 4 S1 represents 20-day scale, S2 represents 40-day scale, S3 represents 80-day scale, S4 represents 5 160-day scale, S5 represents 320-day scale.
6
The analytical results (Table 2) indicated that each regression model is statistically 
19
For the other stations, the same steps were done, and the regression models at the 20 most suitable time scales were produced ( 
